I. Introduction
Early public notification of hazardous water contamination incidences can improve consumer welfare considerably. Suppose, for example, that a community water system serves one million consumers and finds that its after-treatment water contains radium 228 at the level of 30pCi/L.
Approximately 20 to 45 water users who drink the contaminated water at the rate of 2 liters per day would be expected to contract a cancer after one to two years. Consumers who would like to avoid this level of cancer risk can do so by adopting appropriate treatment devices at homes at relatively low costs by iron exchange water softeners or reverse osmosis treatment.
1 Since consumers can decide their self-protection levels optimally given information, early provision of accurate and relevant information can only improve consumer welfare.
Nonetheless, evidence suggests that private agents hide or delay notifying the public of health-threatening contamination incidences. The economic intuition is trivial. Private agents will keep information "private" for as long as their private benefit of doing so exceeds the private cost. The negative externality of keeping it private, unless internalized by regulatory or economic sanctions, will not be a factor in their decision making. An important empirical question, then, is: What determines "private valuation" of the benefits and costs of keeping private the information about contamination incidences, which otherwise can or should be made public? This question is important in lieu of guiding a regulatory design for information disclosure.
We examine a unique dataset obtained from U.S. EPA, which includes 2,062 observations of maximum contamination level (MCL) violation incidences in Illinois from 1980 to 2006. 2 The dataset was obtained by filing a Freedom of Information Act request. It contains detailed information on public water systems (PWSs) such as type of PWS, population size, water source, ownership, and location. The location information is used to match up with U.S. census data in order to obtain community characteristics such as median household income, education level, and the percentage of young and old subpopulations. Most importantly, it enables us to associate, with each MCL violation incidence, information such as the type of chemical, concentration level, the date on which public notification (PN) is requested, and the date on which public notification is received. Using this information, we construct a variable termed "PN timing."
In the U.S., PN rules concerning drinking water are well established under the consumer right-to-know provisions of the Safe Drinking Water Act. New PN rules, recently enacted in 2000, classify all MCL violations into one of three categories, or "tiers", based on the potential risk of adverse To investigate these issues in depth, we estimate a random-effects model on the panel-like cluster sample, with interaction terms to account for the impact of the regulatory change. Our regression results indicate that (i) PN delay is significantly positively correlated with the severity (concentration above MCL standards) of the contamination incidence after the new rule, but (ii) the coefficient on the severity variable is insignificant before the new rule, and (iii) PN timing decreases with the population size served, the income level of the community, the relative size of the white population, and the relative size of the educated population.
Two of these results are of particular importance. Result (i) is alerting, as it implies that consumers are informed later when they face greater health risks. Because the chemical contaminants covered in this analysis do not pose immediate health risks, water managers have incentives to delay a public notice.
Moreover, result (ii), combined with result (i), has an intuitive appeal. Because PWSs have more flexibility under the new rule, they may use discretion in determining the "efficient" timing of a public notice. Their PN timing decisions, then, can be solely based on their own private valuation. Our results imply that it is privately more efficient for the PWSs to delay a public notice when the concentration levels are higher. Unfortunately, this goes against the intended purpose of the new rules, which were meant to inform the public of health-based violations better and earlier when the violations are serious while giving flexibility to reduce costs of public notification.
To check the robustness of our results, we have also run several regression models. In particular, the PN timing variable constructed as above resulted in many "zero" observations, because there is often a long lag between the MCL violation date and the corresponding date on which public notice is requested.
To take care of this censoring issue, we also ran the Tobit and random-effects Tobit models. We found that Tobit specifications, in fact, reinforce our results. The coefficient on severity after the new rule becomes more significant with the same positive sign; the coefficient on severity before the new rule becomes significant but with a negative sign; and some other variables that were not significant in the ordinary random-effects model become significant. This paper complements the existing literature in an important way. A large body of literature now exists, which addressed both empirically and theoretically the question of how informational programs affect consumer behavior and welfare (e.g. Colantoni, Davis, and Swaminuthan, 1976; Viscusi and O'Connor, 1984; Viscusi et al., 1986; Ippolito and Mathios, 1990; Smith and Desvousges, 1990) . These studies find that consumers do respond to the risk information in a rational and sensible way. However, there is only a thin literature on the motivation of information suppliers when there are no direct transfers as the result of information transmission. Though several studies investigated how communication, or transfer of information, arises in various principal-agent setups (e.g. Melumad and Reichelstein, 1989; Melumad and Shibano, 1991; Pitchik and Schotter, 1987) ,
little empirical research appears to exist on the motivation of private or quasi-private agents who can supply publicly valuable information. This is unfortunate, because important environmental risk information often comes from private sources, and regulatory agencies have limited authority over their information disclosure activities.
Our findings also have practical implications for information disclosure policies. As our empirical results suggest, private or quasi-private information providers often have private interests that go against those of the public. Allowing for flexibility in information disclosure without appropriate rules for sanctions is not optimal when information providers have such private interests. It is, of course, difficult
to determine to what extent and when some publicly useful information can be or should be considered public. Even in the case of mandatory public notification where all MCL violation information must be made public within 30 days, our empirical evidence suggests that the "flexibility" clause blurred the boundary between private and public information. To help guide efficient information disclosure policies, further empirical analyses of this type are necessary.
II. Data Background
The PN regulations fulfill the consumer right-to-know provisions of the Safe Drinking Water Act. All public water systems must issue a public notice whenever they fail to comply with the National Primary The data set allows us to construct a variable, termed "PN days" or "PN timing," by calculating the difference between the date on which the primacy agency recorded the enforcement action "public notice requested" and the date on which it "received a public notice." As the new PN regulations became fully effective only after May 6, 2002, we classify the violation and enforcement records according to whether the violations occurred before and after this date (instead of May 2000). We use only tier-2 MCL violations, as tier-1 MCL violations for total coliform do not contain information on sample results.
Several surprising observations arise from the data set. First, the records show that despite the mandatory public notification deadline, the PWSs do not necessarily issue a public notice within 30 days after the new rule and the PN days vary significantly across observations with a standard deviation of 99.7
days. As Table 1 shows, some of the MCL violations are not trivial ---the contamination levels found may be two to five times higher than the respective MCL standards. Moreover, for many of the violations, MCL compliance is not achieved when the PN is issued late. Second, the distributional characteristics of the PN days before the new rule appear to be significantly different those after the new rule (Figure 1 ).
Before the new rule, the PWSs issue a public notice immediately in almost all instances. After the new rule, on the contrary, the PWSs appear to use discretion in deciding when to issue a notice. This is despite the fact that pollution characteristics are very similar between the two subsets. Our primary interest is to explain this difference in terms of the observed explanatory variables.
Lastly, to illustrate the health-risk consequences of the delays in public notification, we provide rough cancer risk estimates based on the EPA's published risk coefficients for radioactive pollutants. Table   2 reports the cancer morbidities in cases/millions for radioactive pollutants, estimated at mean, min, and max concentration levels actually found in the data set for various milestone timings. As there are many radioactive pollutants in the Gross Alpha Activity, we picked two examples for this category. For example, in the case of Radium-228, at the maximum concentration level found in the data set, approximately 5 out of millions would be expected to contract a cancer at the mean PN days and 44 out of millions at the maximum PN days if they consume 2L/day of this contaminated water. 
III. Econometric Model
We estimate regression models to examine the impact of a regulatory change on the parameters of the empirical PN timing function. Our dataset can be seen as a cluster-sample: individual violation may be clustered by the water system for which MCL violations occur. In order to account for cluster-sample nature of the dataset, observations within a cluster are assumed to be correlated due to an unobserved cluster effect. Thus, the equation of interest takes the following form: 
where PN gm denotes the PN timing of m-th MCL violation of water system g; severity is the contamination level normalized with respect to MCL standards, i.e. (contamination level found -MCL standard)/MCL; newrule is a binary dummy variable indicating if a violation occurs after the new PN regulations became fully effective; newrule severity´is an interaction variable; rep is a binary dummy describing whether a violation is initial or recurring; chem is a 9´1 vector of dummy variables describing the contaminants, namely, Atrazine, Barium, Fluorde, Gross Alpha Activity, Haloacetic Acids, Nitrate, Nitrite, Radium 226 and Radium 228 (combined), and Total Trihalomethanes; z g is a vector of variables describing system g; w g is a vector of variables that approximate the characteristics of the population served by system g; v gm is a composite error term; m indexes observations within cluster; M g is the number of observations in each system g; and G is the number of water systems. z g includes three explanatory variables: source of water (gw), ownership (gov), and the size of population served (pop). gw is a dummy variable that describes whether a water source is groundwater (gw = 1) or surface water (gw = 0). There are five types of ownership: privately owned, state owned, federally owned, local government owned, and half-private half-public. In the usable dataset, we do not observe any half-private half-public water systems. Thus, we classified PWSs into publicly-owned (gov = 1) or privately-owned (gov = 0). To classify the size of population served by a water system, we apply the size category defined by EPA. pop is an ordinal categorical variable ranging 1-8 with 8 being the largest. w g includes variables that describe the population characteristics of the community served: white, the percentage of white population in the community; age5, the percentage of population under age five; educ, the percentage of community population with high school diploma; and income, the median household income of the community. To construct these variables, we used the U.S. Census 2000 data as approximation of the community population characteristics. The PWS address information was used to match the smallest geographic areas (town, city, village, CDP) available in the Census. Table 3 reports descriptive statistics of the variables used in the study. The composite error term v gm in (1) may contain an unobserved common group effect, and thus, can be written:
where c g is the unobserved group effect and u gm is an idiosyncratic error. As with the case of panel-data methods, the assumptions on correlation between the explanatory variables in (1) and the composite error term is crucial to cluster-sample models. Because our interest is the impact on the PN timing not only of covariates that vary within as well as across water systems, but also of the ones that vary only at the water system level, we estimate the parameters of equation (1) by pooled ordinary least squares (pooled OLS) and by random effects (RE) with a fully robust variance matrix. With the variance estimator of RE, standard errors are "robust to arbitrary heteroskedasticity and with-in group correlation" (Wooldridge, 2006) .
Although the linear model in (1) produces results that are easy to interpret, the estimated parameters may not be consistent because of the censored observations for which the observed PN timing equals zero. In Wooldridge's (2002) terms, these observations are the "corner-solution outcomes" of the response variable. As discussed in the previous section, the dataset contains large positive probability mass at PN = 0. Inconsistency cannot be avoided even if we estimate the above model restricted to the subsample with PN > 0 (Wooldridge, 2002; Cameron and Trivedi, 2005) . In order to overcome this problem together with unobserved heterogeneity discussed above, we also estimate the following standard Tobit model with a cluster effect: | X g , z g , w g , c g ); and other variables are the same as above.
Analogously to the linear model estimation, we estimate (3) and (4) by the pooled Tobit and the RE Tobit.
A fully robust approach of RE can be applicable, in principle, in the Tobit case; however it is not common in standard statistical packages, such as STATA, yet and details still need to be done (Wooldridge, 2006) .
The inconsistency of linear regression estimates does not necessarily mean that the results are of no use. Linear regression estimates can still approximate the impact of explanatory variables on the conditional expectation of a dependent variable when those covariates are near its population means (Wooldridge, 2002) .
In order to make the Tobit coefficients comparable to the OLS estimates, one can use the adjustment factors derived from the following equations:
where x contains all explanatory variables; β is a vector of coefficients of x; x j is a variable in question;
Φ(·) is standard normal distribution; ) (× f is standard normal density; and we assume x j is not functionally related to other regressors, but this assumption can be relaxed easily. Derivation of equation (5) and (6) can be found in Wooldridge (2002) .
The specification including an interaction term of severity and newrule is useful for estimating the impact of contamination level along with regulatory change on PN timing and testing if the impact is significant. In the linear model, the effect of contamination level on PN timing before the regulatory change is measured as β 1 , whereas its impact after regulatory change is measured as β 1 + β 3 . These coefficients can be written as the partial effect of each variable on E(PN | x) as follows:
On the other hand, with the pooled Tobit model the partial effects become:
Unlike the linear model, these estimates depend on x. Further, given unobserved heterogeneity with RE Tobit, one can obtain the average partial effects (APEs) in order to examine the impact of contamination level on PN timing. Following Wooldridge (2002 Wooldridge ( , 2006 , it is convenient to define
. Then the APEs can be estimated by taking the numerical partial derivatives of the expression:
with respect to elements of o x (severity and newrule for the study), where o x is a given value of some of the explanatory variables. Detailed derivation of equation (11) can be also found in Wooldridge (2002 Wooldridge ( , 2006 .
IV. Results

Pooled OLS and Fully robust RE
The coefficient estimates of the linear model (1) using pooled OLS and fully robust RE are reported in column 1 and 2 of Table 4 , respectively. The coefficient estimates from both models have similar signs and statistical significance levels, except for some of contaminants' dummy variables. As one might expect from Figure 1 , the effect of severity on PN timing before the change (β 1 = -2.47 for OLS and -2.14 for RE) is not significantly different from zero. On the other hand, the severity's impact after the new rule (β 1 + β 3 = 8.21 for OLS and 9.12 for RE) is positive and statistically significant (F[1, 306] = 4.91, p < 0.03) for both models. It indicates that the severity of the contamination incidence has affirmative impact on PN delay after the new rule enforcement. In other words, after the new rule, consumers are notified later when contamination incidences are severer and thus they should be notified sooner. Most contaminant dummies are insignificant, but those are jointly significant at less than 1% level for both models. There are several contaminants other than above nine contaminants in the dataset;
however, the numbers of observation for those contaminants are too few and make estimation with
Tobit-type models below instable. Thus, for comparison purpose, we omitted those contaminants from our estimation.
Table 4. Estimation Results
Note: In parentheses are t-statistics in absolute value; * significant at 10%; ** significant at 5%; *** significant at 1%.
The results on other regression coefficients are also interesting. Population size, the fraction of white population, education level, and income level of the community have all negative and significant impacts on PN timing. These results make intuitive sense. The water managers of PWSs are likely to be aware that if they serve a large population, a number of consumers who might get sick (= cancer risk coefficients x the size of the population) becomes large. The water managers may also believe that the communities with high income, high education, and high white population can exercise political pressures on their job security if they are accused of issuing a public notice too late. These factors may affect private incentives of the managers to decide when to issue a public notice. The results suggest that pop, educ, white, and income influence private valuation of PN timing in a positive manner to the consumers while severity influence it in a negative manner, implying that high contamination incidence gives the water managers incentives to hide or delay notifying the public of that incidence (for whatever reason!).
Pooled Tobit and RE Tobit
Pooled Tobit and RE Tobit coefficient estimates are reported in column 3 and 4 of 
The impact of the contamination level on PN timing of the Tobit models can be evaluated with equations (9), (10), and (11). The results are summarized and compared to the ones with the linear models in Table 5 . The results clearly show that before the new rule was enforced, the contamination level has had negative and relatively insignificant impact on the expected PN timing, whereas it has positive and significant impact after the new rule. This result is particularly alerting, as it implies that consumers are informed later when they face greater health risks. Because the chemical contaminants covered in this analysis pose latent, chronic health risks, the water managers may have incentives to delay PN timing.
The estimated expected PN timing estimated with Tobit-type models are smaller than those estimated with the linear models. 
V. Concluding Remarks
Providing quality information on health-threatening contamination incidences can improve consumer welfare, because the consumers can, and often do, take self-protective actions given the information provided. Unfortunately, important contamination information often comes from private or quasi-private sources and the distinction between private and public information is also sometimes ambiguous. Thus, the regulatory authority may need to manage "private" incentives of providing publicly useful information. There is no lack of literature arguing that supply of public goods is smaller than optimal when provision of those goods are in the hands of private agents seeking their own economic rents. The same argument seems to apply here ---private provision of publicly useful information is less or later than optimal.
Though the argument makes an intuitive sense, there appears to be lack of empirical research investigating this issue. We provide one such study, examining a unique EPA dataset on the public the PN compliance deadline (for tier 2 violations) of 14 days to 30 days and (ii) gives the primacy agency discretion to extend the PN deadline in some appropriate circumstances. Our results are disconcerting and indicate that the new rule has had welfare-decreasing effects. With linear models, one point increase in the severity level of a contamination incidence is significantly associated with an increase in PN delay of 8-9 days after the new rule but is not statistically significantly associated with PN delay before the new rule.
Moreover, the new rule per se increases the PN timing by 21-24 days, which is approximately the simple effect of the extension rule. These results were robust to other specifications, in particular, to the Tobit specifications to account for censoring issues.
Our empirical results seem to suggest that even in the case of mandated public notification, private or quasi-private managers of the public water systems still make private calculation of the benefits and costs of making information public ---the PN timing is significantly associated with various covariates, which one should not observe if the managers were truly welfare-maximizing agents. These findings should be taken seriously in lieu of guiding future information disclosure/public notification policies.
However, there are several caveats to our results. First, our results are solely based on observations from Illinois. We have had access to the full data set for all states in Region 5, namely, Illinois, Indiana, Michigan, Minnesota, Ohio, and Wisconsin. However, we have had difficulty using these data because of either insufficient observations or high irregularities in reported data. Moreover, even for the Illinois data, we have had difficulty constructing the "PN timing" variable. Thus, it should be noted that there are apparent data problems, as with any empirical analyses. Second, though we have run several robustness checks, we have not tried duration models, which might have produced different results. The main reason for this is because we have had too many censored observations and we were unable to conceptually justify the use of duration models for our dataset. Extension of our analyses using duration models is, therefore, left for future research.
